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ABSTRACT Small heterogeneous cells have been introduced to improve the system capacity and provide
the ubiquitous service requirements. In order to make flexible deployment and management of massive
small cells, the utilization of self-powered small cell base stations with energy harvesting (EH-SCBSs)
is becoming a promising solution due to low-cost expenditure. However, the deployment of static
EH-SCBSs entails several intractable challenges in terms of the randomness of renewable energy arrival and
dynamics of traffic load with spatio-temporal fluctuation. To tackle these challenges, we develop a tractable
framework of the location deployment and mobility management of EH-SCBSs with various traffic load
distributions an environmental energy models. In this paper, the joint optimization problem for location
deployment and mobile management is investigated for maximizing the total system utility of both users
and network operators. Since the formulated problem is a NP-hard problem, we propose a low-complex
algorithm that decouples the joint optimization into the location updating approach and the association
matching approach. A suboptimal solution for the optimization problem can be guaranteed using the iteration
of two stage approaches. Performance evaluation shows that the proposed schemes can efficiently solve the
target problems while striking a better overall system utility, compared with other traditional deployment
and management strategies.
INDEX TERMS Small heterogeneous networks, energy harvesting, small cell deployment, mobility
management, matching theory.
I. INTRODUCTION
In the near future, in order to cope with exponential growth
of the demands for mobile data and ubiquitous anywhere-
anytime service, small heterogenous cells as one of important
enablers are widely deployed by network operators towards
the fifth generation (5G) mobile cellular networks. Unlike the
traditional macro-base stations (MBSs) with large power con-
sumption and high deployment expenditure, small cell base
stations (SCBSs), including picocells, microcells, femtocells
andmetrocells, cover small areas and hence require low trans-
mission powers. The significant low cost makes the deploy-
ment of ultra-dense networks (UDNs) as a feasible way to
improve the network coverage and user experience [1], [2].
However, despite the low power consumption of a single
SCBS, the daily energy cost of UDNs has been a large portion
of network operators’ expenditure as well lead to more CO2
emission correspondingly [3]. On the other hand, the massive
deployment and irregular location of SCBSs result in some of
them being inaccessible to the power gird [4], [5].
Fortunately, with the rapid development of advanc-
ing energy harvesting (EH) technique, the expectation
of network devices solely powered by renewable energy
(e.g., solar, wind, and kinetic activities) is becoming promis-
ing and economic way to prolong the network lifetime and
improve the overall energy efficiency of communication
systems [6]–[8]. Accordingly, the communication policies
need to be redesigned by considering the randomness of
the energy harvesting process, from single nodes [9], point-
to-point links [10], [11], multiple-users systems [12], [13],
to heterogeneous networks recently [14], [15] However,
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there is no systematic works to efficiently utilize the energy
harvesting technologies in small heterogeneous cells [16],
including the deployment of the massive EH-SCBSs, the
design of user association mechanism, the optimization of
mobility management for EH-SCBSs, etc. Generally, most
existing works in EH-HetNets simply assume the location
of users following a deterministic distribution (e.g., uniform
distribution or Poisson Point Process), the optimal locations
of MBSs are determined by providing largest bias received
power for users. However, the trajectory of mobile users in
a realistic environment will experience significantly change
across space-time variation. Thus, any specific traffic distri-
bution cannot fully reflect the realistic characteristic of traffic
load over the time scale [36], [37]. On the other hand, the
static deployment of small cell is not flexible because the
harvested energy largely depend on the environment status
and placement location of EH-SCBSs. Moreover, it is still
under exploration that how to adaptively adjust the location of
EH-SCBSs without any knowledge of the harvestable energy
and traffic load distribution. Beside this, the traditional eval-
uation metrics contribute little on balancing between energy
consumption and traffic load.
To capture the key characteristics of small heterogeneous
cells with EH, we propose an adaptive ‘‘drop and play"
deployment and mobility management of small cells to
replace the static solutions. In this work, we consider a multi-
tier heterogeneous networks, which is composed of MBSs
and EH-SCBSs with diverse transmission powers, energy
harvesting rates and traffic load distributions. The MBSs
are solely powered by power grid to guarantee the fairness
association chance and stringent quality of service (QoS)
requirement for each user, and all SCBSs are solely powered
by renewable energy for achieving the energy consumption
and traffic load tradeoff.
In this paper, we first study the dynamics of traffic load
and energy availability in terms of space-time fluctuation
under the realistic environment. Combing the characteris-
tics of traffic load and energy harvesting process, the joint
locations and mobile management of EH-SCBSs are formu-
lated to optimize the total system utility. Due to the dif-
ficulty derived from closed analytical expression and high
computational complexity, the joint optimization problem
is divided in two stage including location updating stage
and association and cooperation of small cells stage. The
location updating approach automatically regulate their loca-
tions that only keep tack of the current available energy and
traffic load left in the EH-SCBSs. Having the determined
deployment locations, the optimal user association vector
will be recalculated according to the two-side matching algo-
rithm. The main contributions of this paper can be listed as
follows:
• We develop a tractable framework for statistical analysis
of various traffic load distributions and environmental
energy models. Combing the characteristics of mobile
‘‘drop and play’’ small cells with energy harvesting, we
present a guideline to design the location deployment
and mobility management toward next generation
mobile cellular networks.
• We formulate the joint location and mobility
management of EH-SCBSs as an optimization, which
maximizes the total system utility, considering not only
users’ data transmission requirement but also the energy
consumption and traffic load tradeoff from the perspec-
tive of network operators.
• The joint optimization problem is a NP-hard problem
with massive small cells and users, and the centralized
solution may lead to high communication overhead and
outdated dynamics of traffic and energy harvesting pro-
cess. Therefore, we propose a tractable solution that the
formulated problem is solved in two stages, which con-
sist of the location updating stage and association and
cooperation of small cells stage. A suboptimal solution
for the optimization problem can be guaranteed using
the iteration of two stage approaches.
The rest part of the paper is organized as follows. Section II
investigates the state-of-art of small cell deployment and
operations. Section III presents the preliminaries and feasi-
bility analysis on various traffic load distributions and envi-
ronmental energy models. The system model and problem
definition are described in Section IV. Then, the association
and cooperation of small cell is formulated as the Hospital/
Rsidents matching model in Section V. In section VI, we
propose an online location updating algorithm conducted
with randomly external environment. Performance evaluation
are discussed in Section VII. Finally, conclusion and future
work are summarized in the Section VIII.
II. RELATED WORK
Although there is no systematic work on the deployment
and mobility management in small heterogeneous cells
with energy harvesting, researchers have extensively stud-
ied resource allocation and energy scheduling for HetNets
with EH technology, deployment and operation of small cells
without EH. Specifically, these excellent work can give basic
guidelines for solving the aforementioned challenges. In this
section, the related work can be classified as heterogeneous
networks with EH and small cell deployment without EH.
A. HETEROGENEOUS NETWORKS WITH EH
The randomness and intermittence of the energy arrival has
a considerable impact on the overall energy efficiency and
system capacity, meanwhile faces several significant chal-
lenges in small heterogeneous cells. Most existing works
in HetNets with EH focus on the energy and communica-
tion cooperation [17], [18], energy trading [19]–[21], user
association and energy scheduling for various energy supply
methods [22]–[27]. Xu et al. [17] and Liu et al. [18] pro-
pose a novel energy and communication cooperation scheme
for minimizing energy cost in EH-HetNets powered by
hybrid energy source (e.g., power grid and renewable energy
source). Furthermore, the various energy trading frameworks
are proposed for enhancing renewable energy utilization
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efficiently [19]–[21]. Reference [22] investigates the
users association and energy scheduling strategies for
HetNets powered by different energy supply methods
including renewable energy [23], hybrid energy [24],
enabled energy cooperation [25] and wireless power trans-
fer (WPT) [26], [27] respectively. In the context of statistical
modeling the multi-tiers heterogeneous networks with EH,
Dhillon et al. [14], Yu et al. [15], Sakr and Hossain [28],
Zhang et al. [29], and Thuc et al. [30] present a framework
for different performance evaluations that are derived from
the various system parameters by utilizing the stochastic
geometry theory. It is noted that the locations of MBSs are
determined by largest received power for users based on a
deterministic distribution (uniform distribution or Poisson
Point Process). The authors propose a new communication
architecture in HetNets that towards secure energy harvest-
ing [31] and integrates several characteristics betweenmobile
social networking and energy harvesting techniques into D2D
communications networks for local data dissemination [32].
A comprehensive overview in [16] provides some key prob-
lems for EH-SCBSs including deployment and operation of
networks.
B. SMALL CELL DEPLOYMENTS AND OPERATIONS
WITHOUT EH
Optimizing the locations and operations of small cells is
one of the most fundamental problems of network planning.
Three main directions are taken in the small cells without EH
to cope with these challenges. The first category formulates
an optimization problem of small cell deployment and oper-
ation towards typical or amorphous network topology. The
joint optimization problem is decoupled into cluster forma-
tion of deployment and resource management for deriving the
optimization variables [33], [34]. A new economical model
and low-complex solutions are proposed to solve the problem
of small cell deployment and backhaul alleviating based on
the characteristics of isolated rural communities and informa-
tion [35]. Considering the static small cells cannot be flexible
deployment, the concept of mobile small cell is introduced
in [36] and [37]. A joint resource allocation and location
updating scheme of small cell is proposed towards amorphous
network topology [36]. Furthermore, Chou et al. [37] provide
a series of realistic parameters as the inputs for the deploy-
ment algorithm of mobile small cell.
Second, amorphous deployment scheme can lead to more
flexible and evolvable, however, it poses a significant risk
affecting network performance due to the severe inter-
ference [38]–[40]. Utilizing interference and environment
knowledge, Guo et al. [38] propose a small cell deployment
scheme based on the stochastic geometry and Monte Carlo
simulations. Reference [39] presents a coordinated multiple
point (CoMP) transmission algorithm for assisting the dense
small cell deployment. Considering the realistic interference
environment and traffic load distribution, the placement loca-
tion of small cells derived from a joint interference and load
deployment strategy in [40].
Moreover, due to ultra-dense deployment, the overall
energy consumption of small cells may be more larger than
the traditional MBSs. The massive deployment of SCBSs
inevitably triggers a tremendous escalation of energy con-
sumption [41]–[49]. Cai et al. [41] and Peng et al. [42]
propose effective control modes that adaptively regulate the
operating states (ON or OFF) of the SCBSs for reducing the
overall energy cost. Reference [43] proposes a self-organized
resource allocation scheme (SO-RAS) to reduce energy con-
sumption. Reference [44] evaluates various small cell dis-
covery techniques tailored for energy-efficiency detection
of small cells. Pervaiz et al. [45] consider a joint spec-
trum efficiency and energy efficiency balancing tradeoff as a
multiple objectives optimization toward green heterogeneous
networks. Considering the delay-constrained service require-
ments and battery-limited mobile terminals, the authors pro-
pose an energy-aware multipath transport protocol to mini-
mize energy consumption [46], [47] and present bandwidth-
efficient multipath transport protocol to maximize network
goodput [48], [49] respectively.
III. PRELIMINARIES AND STATISTICAL ANALYSIS
In order to capture the key statistical characteristics of both
traffic and energy availability, this section provides an analyt-
ical framework considering various traffic load distributions
and environmental energy models across spatio-temporal
fluctuation in realistic network scenarios.
FIGURE 1. Illustration of dynamics of spatio-temporal fluctuating network
throughput. The data information dates from 15 days in December 2013
at 387 base stations in Hong Kong for LTE-FDD networks [50].
A. FEATURE OF TRAFFIC LOAD
The trajectory of mobile users has a considerable impact on
the space-time distribution of traffic load due to the user
social attribution. Fig. 1 reflects some basic characteristics of
realistic traffic load under four typical hot-spot areas over a
week in Hongkong [50]. Firstly, the characteristic of maximal
overall throughput demonstrates several difference among
areas distinctly, i.e., at working areas and residential areas
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the highest peak of traffic load appears the unimodal feature
while the other two areas experience the double peak andmul-
timodal respectively. Secondly, the traffic load under a certain
area also experiences massive variations across time scale.
For an instance, the traffic load in residential area is very
high at night, especially from 20:00 to 23:00 at weekdays.
Moreover, the light traffic load experiences across the most
time of daytime. In sharp contrast, the situation is vice versa
at weekends. Therefore the distribution of the traffic load, i.e.,
the amount of users associated to any EH-SCBS, following
the only one typical distribution cannot fully capture the user
requirements. In this paper, we assume that the traffic load
follows the distribution vectorW = {ω1, ω2, . . . , ωW } across
the time scales.
FIGURE 2. Illustration of energy harvesting characteristics in different
environment. Fig. 2a: periodic and deterministic energy arrival (Las Vegas,
outdoors [51] ), Fig. 2b: periodic and partially predictable energy arrival
(New York, a static indoor node [51] ), Fig. 2c: completely stochastic
energy arrival (New York, a mobile scenario in Times Square at
nighttime [52]).
B. ENVIRONMENTAL ENERGY MODEL
The energy harvesting process is the most fundamental prop-
erty for analyzing the network performance for EH-HetNets.
It is no doubt that the harvestable energy largely depends
on different parameters such as locations and natural
environment, energy harvesting facilities, and the network
devices’ mobility. Practically, energy harvesting rates in gen-
eral can be determined or predicted in rural areas by assis-
tance of the weather forecast. However, in metropolis with
massive buildings, the energy harvesting process may fully
stochastic. Fortunately, the work [51], [52] gives the guide-
lines of radiant energy sources with various parameters. Fig. 2
illustrates the energy harvesting process of radiant energy
sources in various environment. Fig. 2a shows the stable
and periodic energy arrival process in outdoors environment.
Fig. 2b gives the characteristic of energy availability when
a static device locates at indoors. It is observed that the
statistical analysis of harvesting process satisfies the period-
icity but hard to predict at short time granularity. Moreover,
Fig. 2c shows the energy arrival process of mobile device
seemed as the time-independent stochastic variance. Based
on Fig. 2, the energy harvesting process can be categorized
as the deterministic, partially predicable and fully stochastic
energy arrival.
IV. SYSTEM MODEL AND PROBLEM DEFINITION
Combining the characteristic of traffic load and energy har-
vesting process, the objective of this paper aims to design
an efficient small cell deployment scheme for maximizing
the total system utility of both users and network operators.
In this section, we first presents a valuable network model
where the traffic load and energy availability of EH-SCBSs
experience the dynamic characteristics with spatio-temporal
variation in small heterogeneous cells. Then, we take the
the preference relation between users and EH-SCBSs into
consideration and provides the individual utility function
respectively. Last, the problem of joint location deployment
and mobility management of EH-SCBSs is formulated as an
optimization problem which is provided a feasibility analysis
for optimal solution.
FIGURE 3. A graphical illustration of network model that the problem of
location deployment and mobility management of small cells faces
several intractable challenges across spatio-temporally fluctuating traffic
load and energy availability in HetNets with EH. To match traffic and
available energy, EH-SCBSs update their locations and form various
cooperation clusters among adjacent small cells adaptively for improving
the total system utility.
A. NETWORK MODEL
We consider a small heterogeneous cellular networks which
consists ofM macro-base stations (MBSs), K small cell base
stations (SCBSs) and N users. All the MBSs are powered
by the traditional power grid and all the SCBSs are solely
powered by the renewable energy from natural environment.
Fig. 3 shows an example that the traffic load and energy
level of EH-SCBSs experience the dynamics with spatio-
temporal variation. If the users’ location or/and EH-SCBSs’
energy availability changes, the cooperative region aligned
by the adjacent EH-SCBSs will change correspondingly. For
example, the EH-SCBS1 with renewable energy surplus can
sever more users at 13:00, however at the next time period
(e.g., at 15:00), EH-SCBS1 with energy deficit will offload
its existed traffic links (dotted line) to the other adjacent
EH-SCBS2 or EH-SCBS3 with energy surplus and light
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traffic load (solid line). Considering the massive small
cells, an efficient deployment and management scheme is
necessary to adaptively match the traffic load and energy
availability.
B. UTILITIES OF NETWORK NODES
Users’ utility: We assume that the deployed loca-
tion and region matrix of EH-SCBSs is defined as
S= [s1, s2, . . . , sK ] ∈ <K×2 and D = [d1, d2, . . . , dk ]
respectively, where si ∈ di stands that the location deploy-
ment of EH-SCBS i including the horizonal and vertical axis
needs to be deployed at the region di. Supposed that each
EH-SCBS is solely powered by various renewable energy
harvesting facilities equipped with a finite capacity of energy
storage. We adopt the linear approximation of the power
consumption model [15] and the total power consumption of
EH-SCBS i for a transmission is stated as
pi (si) = psti + βiptri (si) (1)
where psti is static power consumption of EH-SCBS i includ-
ing baseband processing, radio frequency (RF) power expen-
diture, etc., ptri (si) is the transmission power of EH-SCBS i,
βi is the amplification factor of the energy consumption [15].
When the user j associates to EH-SCBS i in the downlink
heterogeneous networks, the capacity (bits) of the user j is
given by
ϑij (si) = log(1+ SINRij(si)) (2)
SINRij(si) = gij(si)p
tr
i (si)∑
k∈K ,k 6=i gkj(sk )ptrk (sk)+ δ2
(3)
where δ2 is additional white Gaussian noise power,
wireless channel can be modeled as finite state markov chan-
nels which not only consider the pass loss but also include
slow fading and fast fading [53], [54]. The channel gain
between EH-SCBS i and user j can be expressed as
gij = ξγijςijL−ϕij (si), where ξ, ϕ is interpreted as the path loss
constant and exponent respectively, γij is the slow shading
factor following log-normal distribution, ςij is the fast shad-
ing factor following exponential distribution, and L−ϕij (si) is
the distance function between EH-SCBS i and user j.
In order to represent users’ utility, we not only consider
the differentiated transmission requirements but describe the
individual satisfaction for the desired spectrum resources
as well. Considering service transmission requirement,
we assume that the ηj (bits) denotes the size of data requesting
of user j. Under a given transmission requirement, any user
j ∈ N selects a EH-SCBS i ∈ K aiming to optimize its
channel capacity in (2). For the perspective of user indi-
vidual satisfaction, we use the welfare model defined by
chen et al. [55]. Thus, one suitable utility which reflects the
preference of a typical user j associated with a EH-SCBS i is
given by
Uij(si, yrbij )=
ϑij(si)
ηj
exp
−
(
yrbij − Bj
)2
2B2j
 (4)
where ηj is the size of requesting transmission data, ϑij(si) is
channel capacity in (2), yrbij is the actual bandwidth of user j
allocated by EH-CSBS i and Bj is the desired bandwidth of
user j. Under a given location si, the utility function has the
characteristics including strictly concave and differentiable.
EH-SCBSs’ utilities: The EH-SCBSs will experience
massive variations over space and time in terms of stochastic
energy arrival and various traffic load distribution.We assume
that the maximum storage capacity of each EH-SCBS
is C = (Cmax1 ,Cmax2 , . . . ,CmaxK ). The harvested renew-
able energy of EH-SCBSs in a certain period is assumed
as S = (C1,C2, . . . ,CK ). The ratio of current energy avail-
ability and total power consumption in (1) is defined as the
available operating interval (s) to evaluate the energy avail-
ability of EH-CSBS i. Thus, the metric of available operating
interval is stated as
I (si) = Ci(si)pi(si) (5)
Inherently, within a small heterogeneous cells with energy
harvesting capability, the EH-SCBSs have two objectives.
1) Energy efficiency for overall system: EH-SCBSs offload
the traffic from the MBSs to reduce the traditional power
consumptions, as well try to satisfy the stringent QoS require-
ments; 2) Energy-load tradeoff among small cells: the energy
consumption and traffic load should be balanced due to
asymmetrical energy availability and traffic load distribution
among small heterogeneous cells. In order to satisfy these
objectives, we present the similar utility which is widely used
in field theory [56]. The utility function which is interpreted
as the preference of EH-SCBS i to serve user j is defined as
Yij (si) = Ii (si)
`mjU reij (si, y
rb
ij )
(6)
9 thij ≤ 9ij =
(∑
j∈N Yij
)2
N
∑
j∈N Y 2ij
≤ 1 (7)
where U reij (si, y
rb
ij ) = ηjyrbij ϑij(si) is defined as the service
transmission interval (s) to guarantee the user QoS require-
ment. Unlike the user’ utility Uij(si, yrbij ) in (4), U
re
ij (si, y
rb
ij )
only reflects the serving ability of EH-SCBS i allocating
resource blocks to user j. `mj = ImU remj is represented as the
utility of MBS m when user j is associated with MBS m,
m ∈ {1, 2, . . . ,M}, where Im represents the available oper-
ating interval powered by the traditional power gird and U remj
is the service transmission interval allocated by MBS m to
user j.
Obviously, a worse `mj implies that EH-SCBS i can achieve
more rewards by offloading user j from the MBS m due
to reduce traditional energy consumption. Otherwise, user j
associates with the MBS m for the better satisfaction of QoS
requirements. In addition, the utility function in (6) can obtain
energy consumption and traffic load balancing by the asso-
ciation of EH-SCBSs intending to serve the users according
to current energy availability and traffic load distribution.
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It is noted that although unlike traditional metric of energy
efficiency (bits/J ), the dimensionless utility of EH-SCBSs
in (6) is equivalent to the performance evaluation of energy
efficiency due to energy-load balancing tradeoff. The con-
straint of Jain’s Fairness Index (JFI) described in (7) is
interpreted to guarantee the fairness for the number of users
associating with EH-SCBS i.
C. THE OPTIMIZATION PROBLEM
We formulate the joint location deployment and association
of EH-SCBSs as an optimization problem for maximizing
total system utility of both users and EH-SCBSs. According
to the characteristics of traffic load distribution and renewable
energy arrival, we use the summation of discounted utility of
EH-SCBSs and users over a finite time horizon as the long
term reward. We first give the notation definition and total
system utility, and then interpret the optimization problem.
We assume  to be a K × N association matrix with
element of the association indicator xij = {0, 1}, where
i ∈ {1, 2, . . . ,K } and j ∈ {1, 2, . . . ,N }. Each association
indicator xij = 1 denotes the association between EH-SCBS
i and user j, otherwise the association indicator xij = 0.
Each user is assigned to one and only one EH-SCBS, while
each EH-SCBS can associate at most Z = {z1, z2, . . . , zK }
simultaneously, zi is the maximum quota of EH-SCBSs i.
Thus, we have two constrains, i.e.,
K∑
i=1
xij ≤ 1 and
N∑
j=1
xij ≤ zi.
For a given time period t and traffic load distribution ωw,
the sum utility of users and EH-SCBSs is stated as
φt (si, ωw) =
N∑
j=1
K∑
i=1
U tij (si)x
t
ij (8)
ϕt (si, ωw) =
K∑
i=1
N∑
j=1
Y tij (si)x
t
ij (9)
where U tij (si) and Y
t
ij (si) is given by (4) and (6),
respectively. Furthermore, the optimization problem for the
locations deployment and users association of EH-SCBSs is
stated as
max
s,x
T∑
t=1
χ t
{
W∑
w=1
qt (ωw)ϕt (si, ωw)
+ ∂
W∑
w=1
qt (ωw)φt (si, ωw)
}
(10)
s.t.
K∑
i=1
xij ≤ 1,
N∑
j=1
xij ≤ zi, xij = {0, 1} (11)
SINRminij (si) ≤ SINRij(si) (12)
Ci ≤ Cmaxi , ptxi ≤ pmaxi , ∀i ∈ K (13)
9minij ≤ 9ij ≤ 1, ∀i ∈ K , ∀j ∈ N (14)
where χ is the discount factor, ∂ is a configurable param-
eter as the weight value to adjust the impact of preference
utility between EH-CSBSs and users, pmaxi is the maximal
transmission power and q(ωt ) is the probability when traffic
load following the distributions ωw at given time period t .
The above joint optimization problem is a Mixed-Integer
Nonlinear Programming (MINLP) problem. Specifically, the
determination of location of small cells will depend on deci-
sions of other EH-SCBSs due to interdependent interference,
thus it is difficult to derive the closed analytical expression.
Moreover, the computational complexity under a given loca-
tion will exponentially increase with the number of users and
EH-SCBSs, especially in the ultra-dense networks. In order
to tackle these challenges, the joint optimization problem
is solved as in two stages: online location updating of
EH-SCBSs stage and association and self-organizing cooper-
ation of EH-SCBS stage. Firstly, the realistic measurements
of traffic load and energy availability provide the impor-
tant inputs for the proposed two stages algorithms. Sec-
ondly, in location updating stage approach, locations matrix
can be updated by comparing the action-utility function
through iteration method. Finally, having a determined loca-
tion derived from the first stage approach, the second stage
approach is modeled as a Hospital/Residents (HR) matching
game for achieving the optimal user association vector as
well developing the self-organizing cooperation scheme to
improve the overall energy efficiency. In the next sections, we
first present association and self-organizing cooperation of
EH-SCBS stage and then illustrate the online location
updating of EH-SCBSs stage.
V. HOSPITAL/RESIDENTS GAME FOR EH-SCBSs
ASSOCIATION AND COOPERATION
In this section, the problem of association and cooperation of
EH-SCBSs is modeled as a Hospital/Residents (HR) match-
ing game. We first provide the basic terminologies in HR
matching theory, and then describe the proposed Stable Hos-
pital/Residents (SHR) algorithm. Furthermore, according to
the stable matching result partitioned to the various clusters
(the different subsets of users inN associatedwith EH-SCBSs
in K ), some adjacent EH-SCBSs may have incentive for
cooperation based on the traffic load and energy availabil-
ity. The self-organizing cooperation strategy is presented to
avoid the resource waste and improve overall system energy
efficiency.
A. HR GAME FORMULATION AND PREFERENCE
Within the studied EH-SCBSs in heterogeneous networks, we
formulate a Hospital/Residents problem [57], also known as
many-to-one matching game, defined by three components:
1) we define the set K of EH-SCBSs acting as the hospi-
tals, and each EH-SCBS has a certain quota zi that is the
most users associated by EH-SCBSs i simultaneously; 2) we
denote the set N of users acting as the residents; 3) each
hospital (EH-SCBS) i ranks the j ∈ N residents into a
preference list. Meanwhile, each resident (user) j ranks the
i ∈ K hospitals into a preference list. Actually, the implemen-
tation of this HR game is regarded as a two-sides assignment
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model between the hospitals and residents subject to their
QoS requirements.
Preference relation ≺j for each resident is denoted as a
transitive binary relation over the set of all hospitals. Each
resident j ∈ N determines a subset of hospitals in strictly
descending order based on the utility function in (4). For any
two hospitals, i, k ∈ K , i 6= k , the preference relation is
stated as
i ≺j k ⇔ Uj(i) < Uj(k) (15)
whereU (·) is given by (4). Based on the traffic load distribu-
tion and energy availability, each hospital i ∈ K determines a
preference relation≺k for each resident. Such as, for any two
residents j, q ∈ N , j 6= q, the preference relation is given by
j ≺iq⇔ Yi(j) < Yi(q) (16)
where Y (·) is given by (6). Consequently, each EH-SCBS
accepts the subset formed by users in N based on the Jain’s
Fairness Index in (7) if there are more than one subset asso-
ciated with the same EH-SCBS.
The classical Gale and Shapely algorithm in [58] solves the
matching problem (e.g., one-to-one marriage match problem)
with low-complexity. Under a given location matrix derived
from the first stage approach described in next section, an
extended algorithm can well apply to the many-to-one HR
matching problem, called as the Stable Hospital/Resdients
Matching (SHRM) algorithm. We first introduce the compre-
hensive definition for this SHRM algorithm, and then give
an illustration of one round of the proposed HR matching
process.
Definition 1 (StableHospital/ReisdentsMatching (SHRM)):
The problem is illustrated as to find a stable association of
users and EH-SCBSs based on the quota of the EH-SCBSs.
In this case an assignment of users to EH-SCBSs with match-
ing 8 will be called stable association if there are no any
two users j ∈ N and q ∈ N who are assigned to EH-SCBSs
i ∈ K and k ∈ K , respectively, although j prefers k to i and k
prefers j to q simultaneously [58].
Having a determined locations matrix of EH-SCBSs
calculated by the first stage approach, each user calculates the
utility function in (4) in terms of each EH-SCBS and builds its
preference list according to the strictly descending order. Cor-
respondingly, each EH-SCBS executes the same operation to
build its preference list. At beginning of matching process,
each user first applies for the most favorite EH-SCBS based
on its preference list. When all users complete their propos-
als, EH-SCBS i will check whether or not the number of
applicants
∑
i∈K xij exceed the quota zi. If
∑
i∈K xij > zi, the
EH-SCBS i will accept these applicants subject to the Jain’s
Fairness Index in (7) and rejects the others. Otherwise, all the
applicants will be accepted and arranged in the candidate list
with strict descending order. In next iteration, the users first
will remove the EH-SCBSs which rejected their in previous
applications and will update the preference lists. Then, the
rejected users propose most preferred EH-SCBSs in updating
preference lists again respectively. Repeated the previous
round of assignment, the stable matching association result
is formed until the all the applicants in the candidate list.
The details of matching process is showed in the Phase I of
Algorithm 1.
Algorithm 1 Stable HR Matching Algorithm of Small Cells
Association With Self-Organizing Cooperation
1: Input: Having a determined a location matrix: S t ={
st1, s
t
2, . . . , s
t
K
}
.
2: Output: The stable association matching result between
users and EH-SCBSs.
3: Phase I Deployment and association without cooper-
ation :
4: for ωl ∈ W ,l = 1 to L do
5: Construct the preference lists of EH-SCBSs and users
respectively.
6: for j = 1 to N do
7: if the user j is accepted by the previous requesting
then
8: go to step 6 for executing the next requesting
9: else
10: Delete the EH-SCBSwhich rejects user j from the
preference list and submit the second preferred
EH-SCBS.
11: end if
12: end for
13: for i = 1 to K After all the users finish their request
do
14: if
∑
j∈N xij > zi then
15: Select the users based on Equation (7).
16: else
17: Rank the users and create candidate list on the zi,
and reject others.
18: end if
19: end for
20: Until All the users are on the candidate lists, and we
have the stable association between users and EH-
SCBSs.
21: Phase II Cooperative self-organizing scheme:
22: Within the partition 3 = {31,32, . . . , 3K } from the
Phase I. All the EH-SCBSs can meet flexible cooper-
ation based on the proposed rule.
23: for i = 1 to K do
24: Calculates the active probability and the average
energy level based on the CMTC in (18) and (19).
25: Follow the cooperation rules, user is accepted or
rejected by cooperative EH-SCBSs.
26: end for
27: Until Coverage a stable cooperation result.
28: end for
B. COOPERATIVE SELF-ORGANIZING STRATEGY
According the two-side preference relation in (15) and (16),
a stable association of SHRM game can be seen as a par-
tition 3 of the set N such as 3 = {31, . . . , 3K }, where
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FIGURE 4. Birth-Death process describing the energy variation of
EH-SCBS i .
3i ∩ 3k = ∅, i 6= k and ∪Ki=13i = N . Each 3i ⊆ N
is denoted as a cluster formed by the subset of users in
N associated with EH-SCBS i, i ∈ {1, . . . ,K }, 3i 6= ∅.
Otherwise, 3i=∅ represents that EH-SCBS i has no users
assigned to it.
In order to formulate dynamic cooperation among adja-
cent EH-SCBSs, we propose a self-organizing strategy (e.g.,
residents transfer from the previous hospital to another as the
better conditions or incentive) to solve the problem. First, the
dynamics of energy storage level is modeled by the discontin-
uous time markov chain (DTMC) that achieves the stationary
state distribution. According to [14], we assume EH-SCBS
i has an energy harvesting module and a finite storage with
maximum capacity ofCmaxi energy units. Practically, the vari-
ation of energy level in general is more slowly than the traf-
fic load variations derived from cell association and service
requesting. Correspondingly, the time scale of implementing
energy arrival process of all EH-SCBSs can be formulated as
an independent poisson process. With regard to the energy
arrival rates and consumption rates, we use the realistic data
that the average available energy is 1517 J/cm2/day, the
standard variance is 787 and an energy consumption rate
to transmit data is 1nJ/bits respectively [59]. In this paper,
we assume that the overall energy consumption at each
EH-SCBS is approximately proportional factor to the average
number of users associated with EH-SCBS i following the
traffic load distribution with average value v. To simplify the
analysis, we define the proportional factor is 1. Specifically,
we assume that EH-SCBS i is active if it can serve corre-
sponding with traffic load under current energy availability.
Otherwise, EH-SCBS i utilizes the cooperative strategy for
offloading its requests to other adjacent EH-SCBSs with
sufficient energy storage level. Furthermore, we indicate the
energy levels each EH-SCBS i as Ci = [0, 1, 2, . . . ,Ci] and
model the temporality and dynamics as a birth-death process
as shown in Fig. 4. The probability of EH-SCBSs active is
given by [14]
ρ = 1−
(
1− uv
1− ( uv )Ci+1
)
(17)
If the Ci is finite and Ci  1. Then, equation (17) can be
equivalent to
ρ =
{u
v
u ≤ v
1 u > v
(18)
Practically, the energy consumption rate in general is larger
than the energy arrival rate, v > u. Therefore, the average
energy level is given by
E =
(
u
v− u
)
(19)
An efficient self-organizing cooperation strategy can avoid
wasting energy resource and improving the overall system
energy efficiency. We define a cooperative rule among the
clusters that are identified by the pair (N , ϒ) where N is
the set of users and ϒ is a mapping that assigns for every
cluster 3a ⊆ 3. A reward vector V that each element
Vij = Uij + Yij is defined as the utility of both user j and
EH-SCBS i as per (4) and (6). Here, each cluster 3a ⊆
N represents a group of users associated by a EH-SCBS
a ∈ K . Furthermore, we define the function V (3a) =∑
j∈3a Vij as the total social welfare generated by a clus-
ter 3a. For a given cooperation, we denote V (3a\ {j}) +
V (3b ∪ {j}) > ε {V (3a)+ V (3b)} as the incentive factor
to determine users j whether or not transfer from cluster a
to cluster b, where the a, b ∈ K and ε = [0 1] is the
balance factor. The prime objective of cooperative strategy
is to improve the energy efficiency, so the balance factor can
be dynamically adjust according the traffic load and energy
availability subject to the users QoS requirements.When self-
organized cooperation is triggered, the following steps should
be executed:
1) Decide whether the self-organizing cooperation rules
are fulfilled. Only if there is a certain EH-SCBS i that must
be active (Equation (18)) and the average availability of
EH-SCBS i described in (19) must larger than a predefined
threshold. Meanwhile, the number of users in EH-SCBS i
which accepts the new users from other EH-SCBS does not
exceed the maximal quota.
2) Determine which users for handover. The prime objec-
tive of the self-organizing cooperation scheme is to automat-
ically regulate the operating state (ON/OFF) of EH-SCBSs
for reducing the overall system energy consumption. There-
fore, one user will be selected from a predefined condition
according to the current traffic load.
3) Find a suitable EH-SCBS as the target. The EH-
SCBS with most spare energy and spectrum resource will be
selected as the target EH-SCBS for the user handover.
The detailed cooperative self-organizing cooperation algo-
rithm is illustrated in the Phase II of Algorithm 1.
C. COMPLEXITY ANALYSIS
In Algorithm 1, the worst case happens on Phase I of
Algorithm 1 when all users choose the least favorite
EH-SCBS after receiving (K − 1) rejection from all the
other EH-SCBSs. In the situation, each user first provide the
applicant to (K − 1)most favorite EH-SCBS and then receive
the rejections from all EH-SCBSs. The number of proposals
requested by N users is N (K − 1) in this case. Within the
partition 3 of the set N such that 3 = {31, . . . , 3K } on
phase II of Algorithm 1, the worst case happens when each
cluster 3a ⊆ 5 compares with each other whether or not
they satisfy cooperative rule. In this case, all the clusters
K execute the maximal number of iterations expressed as
the K (K − 1). Therefore, the complexity of Algorithm 1
is O (W (N (K − 1)+ K (K − 1))) in the worst case.
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FIGURE 5. Illustration of interaction between multiple EH-SCBSs and
external random environment.
Practically, K can be regarded as a small fixed integer, thus
the complexity is equivalent to theO (N (K − 1)+ K (K − 1)).
VI. ONLINE LOCATION UPDATING SCHEME
In this section, we develop an online location updating
algorithm to achieve two objectives: 1) to improve elastic-
ity among EH-SCBSs with cooperation; and 2) to enhance
robustness under random environment where each EH-SCBS
can only keep track of the current available energy without
any priori-knowledge. Fig. 5 gives an illustration how the
mutual relationship between multiple EH-SCBSs and exter-
nal environment is executed to meet the location updating of
self-adaption [60]. In this framework, we assume the MBS
as an agent is responsible to update the deployment locations
based on the inputs from the external random environment
(e.g., traffic load and energy availability). Meanwhile, the
determined location matrix provides the key inputs of Algo-
rithm 1 described in the second stage approach.
A. MBS AS AN AGENT
In a practical network, considering the communication
overhead, small cells only need to periodically report their
location information, traffic load and energy availability to
MBSs. In this paper, the time frame of running the algo-
rithm is assumed to one hour according to the characteristic
of energy availability and traffic load analyzed in previous
section. In the proposed online location updating algorithm,
the prime objective of agent is to take an optimal policy such
that it captures an acceptable EH-SCBSs’ location matrix
to improve the system utility. Specifically, a policy function
pi∗ (S)→ A is formulated for mapping the system state S to a
set of location updating actionA. However, a closed analytical
expression for policy function is difficult to be derived due to
be lack of the training samples, i.e., 〈s, a〉. Alternatively, an
instantaneous reward sequence r (s, a) can substitute for the
policy function as the metric on location updating decisions.
Therefore, we define a tractable action-utility function that
indirectly captures the optimal policy. The MBS takes the
policy of location updating through comparing the action-
utility function. It can be interpreted mathematically by the
following parameters: {S,A,T ,5,R}, where si ∈ S is a finite
set of system states of EH-SCBS i, ai ∈ A is action set with
members as the finite number of actions taken by the
EH-SCBS i, T is the time period of execution, pii ∈ 5 is the
policy set for EH-SCBSs i, and ri ∈ R is the instantaneous
reward given by the environment.
B. RANDOM ENVIRONMENT
During the interactive process between agent and randomly
external environment, the agent executes online learning
algorithm with respect to the certain input parameters from
external environment. Mathematically, the random environ-
ment can be defined as 〈A, S,R〉, where A is input parameters
derived from the agent, S and R are the output parameters
passed to the agent as the feedback including updated system
state and instantaneous reward. After execution of each iter-
ation, these parameters are updated and may be taken by the
agent to make the optimal decisions.
C. DESIGN OF ACTION-UTILITY FUNCTION
Based on aforementioned analysis, the proposed online
algorithm only has to keep track of the current traffic load and
available energy left at the EH-SCBSs. We design an action-
utility function Qˆ (s, a) as the criterion to evaluate the utility
how the agent takes a certain action. Specifically, the Qˆ (s, a)
can be interpreted as a list where each row interprets a system
state matrix and each column represents an action taken by
agent. Thus, the action-utility functionmaps the tuple 〈s, a〉 to
a utility value to evaluate current the policy. At the beginning
of the online location updating algorithm, the Qˆ (s, a) is
initialized the arbitrary value in the list. Agent observes the
current system state s and takes a certain action a repeatedly.
Then, the agent observes the instantaneous reward r (s, a)
and the next system state
〈
s′, a′
〉
. Moreover, the action-utility
function Qˆ (s, a) has been updated according to following
rule
Qˆt {(si, s−i) , a} ← (1− α) ∗ Qˆt {(si, s−i) , a}
+α ∗
{
r + γ max
a
Qˆt+1
(
(s′i, s−i), a′
)}
(20)
r ((si, s−i), a) = exp(−(U (si, s−i)I (si, s−i) )
2) (21)
where s−i is the location matrix of all EH-SCBSs except
EH-SCBSs i,
(
s′, a′
)
is the two-tuple formed by state-action
pair in the next time period, r ((si, s−i), a) is the instantaneous
reward sequence for r ∈ R and |r| < c, c is a bounded positive
number, α is the learning rate, γ is the discount factor, and
the U (·) and I (·) as per (4) and (6) reflects the current
traffic load and energy availability respectively. According
to the updating rule in (20) and (21), the larger learning
rate α shows that the previous training samples have less
impact on action-utility function updating. The more larger
discount factor γ means more greater weight on action-utility
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updating related to max
a
Qˆt+1
(
(s′i, s−i), a′
)
which stands the
maximal the utility under the next system-action pair
〈
s′, a′
〉
.
The detailed online location updating algorithm is illustrated
in the Algorithm 2.
Algorithm 2 Online Location Updating Algorithm
1: Initialization: t = 0, S0 = {s01, s02, . . . , s0K}, U (S0),
I
(
S0
)
, Qˆ0 (s, a) = 0.
2: From t = 1 to T
3: Observe the current state S tcur = S t−1, Qˆtcur (s, a) =
Qˆt−1 (s, a)
4: for i = 1 to K , select an action and execute its decision
do
5: Calculate the instantaneous reward r ((si, s−i), a) as
per (21) and observe the new the state s′i after exe-
cuting each decision with external environment.
6: Update the action-utility function of Qˆ (s, a) by the
Equation (20).
7: if Qˆt {(si, s−i) , (ai, a−i)} < Qˆtcur {(si, s−i) , (ai, a−i)}
then
8: S tcur = S t−1 and Qˆtcur (s, a) does not change
9: else
10: (si, s−i)← (s′i, s−i) and Qˆtcur (s, a)← Qˆt (s, a)
11: end if
12: Repeat the step 4 until completed location updating at
current time.
13: end for
14: Execute the updating location matrix as the input for the
second stage approach.
15: Continue Step 2.
16: Until
∣∣∣Qˆt+1 (s′, a′)− Qˆt (s′, a′)∣∣∣ ≤ 1, 1 is a small
positive number.
D. CONVERGENCE AND COMPLEXITY ANALYSIS
The execution of the proposed online algorithm is
a round-robin iteration with random environment. Algorithm
2 converges to an optimal policy after finite of iterations as
it satisfies the following conditions [60]: 1) the deterministic
and finite system state set S and action set A; 2) a bounded
instantaneous reward r , that is, for all two-tuple 〈s, a〉 obey
the condition of the inequality |r (s, a)| < c; and 3) each
system state s and reward r could be infinitely accessed by
agent. More importantly, in given internal environment, the
amount of computing iterations is key metric for evaluating
the performance of offline algorithm. In contrast, the exec-
utive time and cost of each action with random environ-
ment have considerable impact on the efficiency of online
algorithm rather than computing consumption. Therefore,
the complexity of the online location updating algorithm
is O (TK ) in the worst conditions.
VII. PERFORMANCE EVALUATION
This section provides numerical simulations evaluating the
performance of the algorithms of location deployment and
mobility management for small heterogeneous cells with
energy harvesting. We mainly consider a two-tier heteroge-
neous network which is composed of M = 3 MBSs and
various amount of EH-SCBSs, i.e., (5/10/15/20) respec-
tively. Correspondingly, the coverage area of each MBS is
a square area of 3 km × 3 km and each MBS is deployed at
the center coordinate. Considering EH-SCBSs with different
transmission power and energy harvesting rates, without loss
of generality, we assume the coverage area from 20 m × 20 m
to 100 m × 100 m. The transmission powers of all MBSs
and EH-SCBSs is set to 43 dBm and 26 dBm respectively,
the static powers of all MBSs and EH-SCBSs is set to 728 W
and 10.6 W respectively. In addition, all the noise plus
interference level and the propagation loss is set to−110 dBm
and ϕ = 3 respectively. With regard to the energy harvest-
ing rates, we use the realistic value including the available
energy mean u¯ = 1517 J/cm2/day, the standard variance
σ (u) = 787 and energy consumption rate 1nJ/bits.
Unless stated otherwise, the packet size is set to
η = 128/256/512/1024 bits and the quota of the EH-SCBSs
is set the typical value zi = 8,∀i ∈ K .
For simplifying description, the Phase I and Phase II of
our proposed algorithms is described the SHRM and SHRM
with cooperation scheme individually. Moreover, in order
to validate the efficiency of our proposed algorithms, we
compare the performance of our proposed SHRM and SHRM
with cooperation schemes with the Random Association of
Only Utility of users Concerned (RA-OUC) algorithm and as
well as a slightly simplified version of the SHRM scheme -
Best User Utility (BUU) algorithm. In the BUU algorithm,
only utilities of users are considered during the association
process while the utilities of EH-SCBSs are not taken in
account.
FIGURE 6. Average utility per user under different algorithms.
In Fig.6 and Fig.7 we show the average utility per user
and average system utility with RA-OUC, BUU, SHRM and
SHRM with cooperation algorithms, for a small heteroge-
neous cells with K=10 EH-SCBSs, zi = 8,∀i ∈ K and
η = 256(bits). It can be observed the average utility per user
of all algorithm decreases as the number of users increase due
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FIGURE 7. Average system utility under different algorithms.
to the limited energy and bandwidth resources. Furthermore,
Fig. 6 demonstrates the performance of our proposed algo-
rithms are slightly better than RA-OUC algorithm. That can
be explained by that the objective of both SHRM and SHRM
with cooperation algorithms aims to balance the energy con-
sumption and traffic load among small cells. In contrast, the
BUU algorithm just greedily associates a certain EH-SCBS
based on the individual preference in Equation (4) while does
not take the over system energy efficiency into consideration.
Therefore the average utility for per user is better than other
schemes. In Fig. 7, it can be observed that our proposed
SHRMand SHRMwith cooperation algorithms are obviously
better than RA-OUC andBUU algorithms. Themost essential
reason is that our proposed schemes not only consider the
utility of per user as a part of the optimization objective, but
also treat the overall system utility of network operators with
high importance. Furthermore, our proposed SHRM with
cooperation scheme can improve the average system utility
when the demand of users association is unsaturated. That can
be explained that the operating state (ON/OFF) of EH-SCBSs
can be regulated automatically based on the amount of users
for reducing system power consumption. However, when
there are substantially large amount of associated requests,
the average system utility of both SHRM with/without coop-
eration schemes are same due to terminate self-organized
the cooperation strategy. In this paper, we primely consider
the delay-tolerant transmission, if delay-constrained services
requirement cannot be guaranteed by small cells with energy
harvesting, MBSs that are powered by traditional power grid
keep on ensuring the stringent QoS requirement.
Fig. 8 compares the performance of the average sys-
tem utility with different amount of EH-SCBSs cases, for
a small heterogeneous cells with N = 80, zi = 8,
∀i ∈ K and η = 1024(bits). It is obvious that the
available energy and bandwidth resources increase with
the number of EH-SCBSs so that each user can get more
opportunities to be associated and scheduled. Through
comparative analysis, the SHRM with/without coopera-
tion algorithms get minor improvement of average sys-
tem utility compared with the RA-OUC and BUU algo-
rithms with the few amount of EH-SCBSs. This is because
FIGURE 8. Average system utility in different EH-SCBSs cases.
that SHRM with cooperation has less contribution for
performance improvement due to the far distance among
EH-SCBSs. However, as the number of EH-SCBSs increases,
effective cooperation among the EH-SCBSs can significantly
improve the system utility.
FIGURE 9. Average utility per users and system utility tradeoffs as the
number of closed EH-SCBSs changes.
Fig. 9 shows the trade-off between the average user utility
and average system utility balancing with the variation of
number of EH-SCBSs under the OFF state. In this paper,
the user utility just represents the user’ transmission require-
ment while the system utility describes the overall energy
efficiency from network operators’ perspective for reducing
the total energy consumption. As shown in Fig. 9, the SHRM
with cooperation algorithm determines the number of EH-
SCBSs under the OFF state while significantly effect on
balancing the trade-off between user utility and system utility.
Therefore, it is important to adaptively adjust the cooperation
strategy according to the practical environment.
Fig. 10 illustrates the average number of iterations with
applying the proposed algorithm as the number of users
increase and K varies. For each EH-SCBS, we assume the
zi = 7. When the number of users are smaller than the
maximal quota corresponding to its EH-SCBS, the average
number of iterations are obviously increasing as the N
increases. From Fig. 10, we find the change of number of iter-
ations keeps flat and nearly equals to a constant with K = 5
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FIGURE 10. Average number of iterations in SHRM algorithm.
and K = 10. That can be explained by that as the number
of users N becomes large relative to K , the users will still
submit their most favorite EH-SCBS according to preference
list at the each iteration. Therefore, the iterative result finally
converges a stable state. Furthermore, it is observed that the
gap of average number of iterations obviously increase for
different EH-SCBSs when the number of users greater than
the maximal quota particularly. That can be explained that the
more associated requests will be rejected when the number of
users larger than the maximal quota with two-side matching
scheme.
VIII. CONCLUSION AND FUTURE WORK
This paper proposes a new deployment and mobility
management scheme in HetNets which consists of MBSs and
EH-SCBSs. For maximizing the overall system utility of both
users and network operators, the problem of location deploy-
ment and mobility management are formulated as a joint
optimization. Due to the high complexity and interdependent
interference among EH-SCBSs, the formulated problem is
solved in two stages approach including location updating
stage and the association and cooperation of small cells stage.
The proposed location updating algorithm adaptively updates
their locations that only keep tack of the current available
energy and traffic load left in the EH-SCBSs. Having the
determined deployment locations, the optimal user associ-
ation vector will be recalculated according to the two-side
matching algorithm. Simulation results demonstrate that the
overall system utility is obviously improved by the proposed
algorithms.
The dense deployment of small heterogeneous cells can
further shorten the distance between users and EH-SCBSs,
thus the utilization of wireless energy transfer (WET) tech-
nique is becoming a reality to transfer energy to mobile
terminals. Our future work can be extended to introduce the
deployment and mobility management in this network sce-
nario for prolonging the lifetime of terminals battery. Beside
this, the deployment and management of mobile ‘‘drop and
play’’ small cell with energy harvesting faces a number of
intractable challenges due to capacity-constrained wireless
backhual.
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